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Proper calibration of hydrologic models requires both reliable observed stream 
flow and precipitation data. Southern New Jersey has a notable lack of observed 
precipitation data, in particular, at the event scale; therefore model calibration represents 
a significant challenge.  From a design standpoint this has not been a major concern as 
hydrologic models have been driven using design storms and are not calibrated.  
However, the need for research and impact analyses in the face of climate change 
(changes in extreme precipitation and sea-level rise in particular) and expected 
population growth in the region requires calibrated models, and reliable observed 
precipitation data are necessary for model calibration.  Several HEC-HMS watershed 
models were developed and calibrated using NEXRAD data for the Upper Maurice River 
watershed in southern New Jersey, which contains the two growing urban areas of 
Vineland and Glassboro, to meet three objectives: (1) to validate that NEXRAD data can 
be effectively utilized in this region, (2) to better understand the roles that spatial 
variability and scaling play in the use of NEXRAD data within a hydrologic model, and 
(3) to determine the possible effects of urbanization on stream behavior within this 
watershed.  Gridded NEXRAD data were converted to virtual rain gages using the 
Watershed Modeling System and used as input for HEC-HMS models.  
Results indicate that models forced by spatially distributed basin characteristics 
(using multiple subbasins) and spatially coarse precipitation (fewer rain gages for the 
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watershed) perform better in general than models driven by uniform basin characteristics 
and higher resolution precipitation data (multiple rain gages for the watershed) for large 
or extreme events (e.g. hurricanes). In addition, it was found that models driven by lower 
resolution precipitation (still accompanied by spatially distributed basin characteristics) 
also performed better than higher resolution models for smaller events, indicating that 
hydrologic models should be calibrated from finely distributed basin parameters and 
coarsely distributed precipitation for valid model application.   
Other results of this modeling indicate the following: 
NEXRAD data can be successfully utilized within this watershed if the NEXRAD 
input data is devoid of false positive and negative datapoints, or if these points are found 
and removed before use.  
The NEXRAD input data was determined to be the most important factor in 
determining any size model’s accuracy. It was found that when using weighted rain gages 
that had been edited to remove false values as opposed to unweighted, unedited rain 
gages, model accuracy improved greatly. Therefore, the major determinant of model error 
does not seem to stem from the scale at which the model is built, but rather the quality of 
the input NEXRAD data used, and to a lesser extent, the use of basin characteristics that 
are compatible with the size of the rain event being considered. 
Finally, it was determined that an increase in urbanization in this watershed would 
likely cause a disproportional increase to the region’s stormwater runoff. Model results 
have suggested that increasing the impervious area by as little as 5 percent would result 
in as much as a 70 percent increase in stormwater runoff for large or extreme events, and 
as much as a 37 percent increase for small events. 
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Chapter 1: Introduction 
 
Hydrologic modeling is important to the practice of water resources engineering. 
Developing models allows engineers and scientists to determine the appropriate size of 
hydrologic structures and develop simulations for impact assessment about future climate 
change and the potential impacts of storm events. These models are used on scales as 
small as regional floodplain mapping, (such as the work performed by the Federal 
Emergency Management Agency (FEMA) (FEMA, 2014)) and as large as supporting 
roles in making global policy recommendations, such as in the work of the IPCC.  For 
example, Piao et al. (2007) studied global river runoff trends, and suggested that changes 
in climate and land use contribute more to these occurrences than rising CO2 levels. 
Additionally, Milly et al. (2005) used 12 climate models to study the global pattern of 
trends in streamflow and water availability in a changing climate over multiple decades. 
Their findings suggest increases in runoff in Eastern Africa, the La Plata basin, high-
latitude Africa, southern Europe, and Eurasia, as well as decreased runoff in southern 
Africa, southern Europe, the Middle East, and mid-latitude western North America by 
2050.  
1.1 Statement of the Problem 
The importance of accuracy for hydrologic modeling applications cannot be 
overstated. However, the type and volume of information available to calibrate any given 
model varies region by region. The availability of data from such sources as stream 
gages, rain gages, and radar determines the types of models that can be developed for an 
area, and is a limiting factor in a model’s accuracy. There are numerous rain gages and 
home weather stations in existence, but little to no quality control is enacted at most of 
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them. Guidelines by the National Weather Service (NWS) are strict for collecting 
weather data that is of publishable quality, and therefore usable for research purposes. As 
such, the number of reliable data sources in certain regions, including the Maurice River 
watershed, is limited (NOAA, 2014).  
Certain areas have also been found to collect less meteorological data than others. 
Likely reasons for this are that there has not been a perceived need for data collection for 
the majority of the work performed in the region, and funding may also be a limiting 
factor. Modeling an individual storm event to calibrate a model is often not done in 
consulting outside of research needs. Even when performed or viewed as necessary, 
many researchers will gather their own data if they find that calibration is required for 
their model application. Other times, alternative methods are used to interpolate or 
estimate trends for a region where field data have not been collected. For example, 
FEMA often generates what data they need for a region with the aid of another stream 
gage located nearby (FEMA, 2014). Statistical hydrology can be performed for a nearby 
region, based on a regression analysis to determine factors like flood frequencies, flood 
elevations, and discharge. The United States Geological Survey (USGS) has developed a 
watershed model called StreamStats that follows such procedures as well.  
The National Streamflow Statistics Program (NSS) is a computer program that 
estimates certain streamflow statistics commonly used for a variety of water-resources, 
emergency planning, management, and regulatory purposes. These estimates are often 
required for ungaged sites that don’t contain observed flow data.  
In New Jersey, most hydrologic modeling is performed with design storms, as this 
is all that is required for county or municipal permitting. However, these design storms 
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could become less accurate in the face of future climate changes, specifically in regard to 
extreme events such as hurricanes. Climate in different parts of the world has for a long 
time been treated as stationary, meaning that modelers assumed that the climate varied 
continuously within a predictable set of bounds. However, any stationarity that exists in 
local climates is often disturbed by human activities, natural events, and internal climate 
variability. 
1.2 The Significance of Nonstationarity within Hydrologic Modeling 
Concerns such as flood risks, water availability, and water quality are dependent 
upon changes in water infrastructure, channel modifications, drainage works, and 
changes in an area’s land-cover or land-use. While these changes are largely caused by 
humans directly, external natural forcings and climate changes can also pose a challenge 
to the concept of stationarity over time. Certain anthropogenic changes to Earth’s climate 
have altered the means and extremes of precipitation in many regions. This, in turn, 
affects the evapotranspiration rate of regional vegetation, and the discharge rates of 
regional watersheds. Global warming can increase atmospheric humidity and affect 
water-vapor fluxes and transport in the air, and glacial melt can release stored CO2 into 
the atmosphere, and raise the sea level. In turn, these rising sea levels can threaten to 
contaminate coastal freshwater supplies. As such, while human activities can cause 
similar effects all over the world, the effects of climate change are much more varied 
across the globe, causing water-supply losses in some regions, and gains in others.  
This variability is becoming prevalent enough that many scientists are beginning 
to support the idea of nonstationarity in climate change scenarios around the world, and 
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are searching for ways to better identify and estimate nonstationary climactic variables 
(Milly et al., 2008).  
The Maurice River watershed, which serves as the study area for this thesis, is not 
immune to these changes either. This region is particularly vulnerable to short-term 
changes caused by human activity, and will also likely undergo long-term changes based 
on climate impacts as well. Changes to this region’s water table or quality and quantity of 
discharge could have socio-economic impacts to sectors such as agriculture and fishing, 
and environmental impacts to protected areas and the endangered species that depend on 
it. 
1.3 Current Precipitation Measurement Methods 
The primary source of most precipitation data is from precipitation gages. When 
precipitation data from these gages are not available in an area, radar data can be used as 
an alternative source of precipitation data for a hydrologic model. The National Oceanic 
and Atmospheric Administration (NOAA) provides rainfall estimates derived from the 
NEXt generation weather RADar (NEXRAD) Stage III for use in hydrologic modeling 
(NOAA, 2014). An advantage of  these data are that they can capture spatial variation 
and distribution of precipitation over time and space in a way that would otherwise 
require a very large and dense network of rain gages. Given that there are only about 
10,000 rain gauges in use across the United States, which together only cover an area 
slightly larger than a tennis court,  a variety of different approaches have been studied 
and developed for interpolating gauge rainfall with the aid of NEXRAD data (DeGaetano 
and Wilks, 2009).  Kalin and Hantush (2006) have stated that “spatially distributed 
precipitation data obtained through radar reflectivity measurements provide a viable 
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alternative to rain gauge measurements” and “may provide a cost-effective alternative 
source of precipitation data.”  
Keeping the above in mind, NEXRAD data was selected as the input data for the 
hydrologic models presented in this thesis. This data was explored to determine its 
potential in providing assistance in creating future climate impact studies for the Maurice 
River Watershed and other areas that lack rain gages.  
 As mentioned above, the different types of precipitation data available to a region 
directly impact the level of accuracy from a hydrologic model. When using stream gages 
for event level calibration, the data are more suitable and reliable the more frequently that 
they are collected, such as every five to fifteen minutes. In terms of regression analysis, 
statistics from any stream gage nearby must be appropriately selected by the user to 
ensure that the data being used for regression accurately reflects the conditions of the area 
for which it is intended. With this in mind, NEXRAD radar data has its own particular 
parameters that need to be carefully selected when being utilized within a hydrologic 
model. These include the type of data obtained from the NOAA, its associated time step, 
the size of the two-dimensional square grid that it is generated on, and the size of each 
grid cell within that square.  
1.4 Purpose of the Study  
Several HEC-HMS watershed models were developed and calibrated using 
NEXRAD data for the Upper Maurice River watershed in southern New Jersey, which 
contains the two growing urban areas of Vineland and Glassboro, to meet three 
objectives: (1) to determine the appropriateness of utilizing NEXRAD radar data for a 
hydrologic model’s meteorological data, (2) to investigate the effects of spatial variability 
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and scaling within the catchment area, and (3) to explore possible urbanization effects on 
the Upper Maurice River watershed. Due to increases in population growth in Southern 
New Jersey, more impervious surface areas are expected to be developed within the 
Maurice River Watershed. This can cause the hydrologic responses in this area to change, 
and can be seen during rain events though shorter lag times, and higher peak flows. 
(EPA, 2014) Parts of South Jersey have already been exposed to effects of a hydraulically 
changing landscape (such as during Hurricanes Irene and Sandy, as well as other smaller 
storms within the region) that may have been better managed if real-time data could have 
been utilized or if better predictions could have been made (Interagency Waterway 
Infrastructure Improvement Task Force, 2004.). The goal of this project was to develop a 
working model of the Upper Maurice River watershed and then use the model to predict 
future changes in stream flow within the basin area due to increases in impervious surface 
area. One reason for concern about future changes to this particular watershed is because 
an area known as the Pinelands lies within its extents, which is a protected area 
vulnerable to changes in the surrounding landscape. The Kirkwood-Cohanesy aquifer 
which underlies the Pinelands is another feature worthy of attention. 
This thesis will begin with a discussion of the concepts of spatial variability and 
scaling in hydrologic modeling. It will then highlight some of the advances made in 
modeling hydrologic processes over the years, and introduce the use of NEXRAD data 
within such a model. The watershed that was modeled will then be introduced, and the 
concerns that spurred this modeling effort will be highlighted. Model configuration, 
delineation, and other methodology will be discussed as well. Finally, the results will be 
presented, and followed by the conclusions of this thesis.  
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Chapter 2: Literature Review 
2.1 On Spatial Variability and Scaling 
Within the field of hydrologic modeling, Wood et al.(1988) claim that spatial 
variability refers to changes in the statistical behavior of runoff generation in response to 
changes in catchment scale.  
In order to determine a model’s level of accuracy, it is important to understand the 
size of the region that is being modeled (e.g. the catchment scale) and the spatial 
variability of that region’s data. Certain types of meteorological data are only appropriate 
for hydrologic models that contain a total area and/or a total number of appropriately-
sized catchment areas. Minshall (1961) has determined that runoff generation becomes 
less responsive to changes in rainfall intensity recorded at individual gages at larger 
catchment scales. Instead, it appears that runoff at larger catchments is governed by 
macroscale catchment characteristics. This has led to further work being performed to 
quantify and develop a consistent method to determine what constitutes a “large” versus a 
“small” catchment area. Dooge (1982) reviewed different approaches for modeling 
hydrologic processes at different scales, and has noted unresolved issues in linking data 
between field scales and catchment scales. Understanding this disparity is critical when 
considering a model’s runoff hydrograph, and its sensitivity to spatial and temporal 
variability of forcing data at different scales. Researchers such as Schulz (1988), Michaud 
and Sorooshian, (1994), and Olivera and Maidment (1999) have raised concerns about 
these very subjects for the past three decades.  
Wood et al. (1988) have found evidence that supports the work of Amorocho, and 
may also help to shed some light on the issues raised by Dooge. They believe that at 
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small scales, runoff is governed by actual patterns of topography, soil, and local rainfall 
characteristics, and that local variability between adjacent regions will produce different 
responses even if the underlying distributions are the same. However, with an increasing 
scale, more distribution variability is observed across a greater area until at some point in 
an increasing scale, all of the areas encompassed within the study will respond in a 
uniform fashion. They have attempted to develop an average hydrologic response that 
varies in an understandable way with changes in catchment area. This solution was 
developed as a Representative Elementary Area (REA), and reinforces the understanding 
that spatially distributed hydrologic models vary according to their scale, and are 
influenced by topography factors such as the sizes and shapes of subbasins in the model. 
Beven (1989, 1991) has also noted that the functional behavior of catchments can 
differ with catchment scale, and suggested that different model structures and parameters 
may be required depending on the scale of the hydrologic model. Commonly, small 
catchments are treated as more complex and are studied with spatially distributed 
hydrologic models, while larger catchments are usually expressed with a simple lumped 
hydrologic model. In spite of this, few studies have examined whether or not a model’s 
structure should change with scale, and if so, in what manner. One way to determine the 
appropriateness of a model’s structure in relation to its catchment scale is to use the same 
structure for both small and large scale versions of the model and analyze the effects on 
both models’ performance. Perrin et al. (2001) took this approach and tested several 
lumped conceptual models on 429 various scaled catchments. Their results indicated that 
the performance of most of their models was not affected by catchment size, but that the 
quality of the data used was a major influence.  
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Beven (2000) also suggested a concept described as “uniqueness of place”, 
emphasizing the importance of location in modeling and how the characteristics and 
responses of a model may be more inherent to that model’s specific location, and less 
dependent on stock modeling statistics that are highly inconsistent across any landscape. 
(Herein lies the necessity of determining spatial variability and scaling issues for 
hydrologic models of different locations on a case by case basis.) 
Merz et al (2003) (citing Bergstrom, 1991) raised another scale dependent factor 
important to a hydrologic model’s performance, this time with respect to the time scale 
component. Ideally, a calibration process uses a long period of continuous runoff data to 
verify that a model is not just fitting a particular trend or single set of data, but that it 
accurately represents a region and any changes in behavior that it may exhibit in the 
future. However, modelers are often limited in their choice of time scales due to a limited 
amount of data available for a region. As such, the challenge regarding time scales is to 
find whether or not a model’s accuracy changes with varying periods of meteorological 
data, and what duration of data is necessary to sufficiently calibrate a model.  
Merz et al.’s (2009) modeling work (performed for 269 catchments ranging in 
size between 10 and 130,000 km
2
) shows a decrease in model performance with an 
increase in rain, supporting the belief that the meteorological data have a greater effect on 
model performance than the scale of the catchments used. In addition, Merz et al found 
that longer calibration periods produced more accurate models. A short term calibration 
of model parameters can cause the model to be fitted only to one specific set of 
hydrologic conditions, which can reduce the model’s ability to accurately predict future 
events. In contrast, longer calibration periods (according to Merz, greater than 3 to 5 
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years) allow a model to be calibrated against a variety of hydrologic conditions, thus 
improving the chances that it could serve as an accurate predictive model. Merz further 
noted that during model verification, the scatter of volume errors decreased when model 
scales are increased from sizes of 10 to 30 km
2
 to sizes greater than 10,000 km
2
. The 
implications of this data suggest that in hydrologic modeling, long-term water balance is 
better expressed in models of larger scales. Given the above, this would suggest that the 
ideal way to create a hydrologic model is to utilize large catchments, and calibrate it with 
long calibration periods.  
2.2 Advances in Modeling 
Rainfall-runoff models have been in development since the 1960s. These were 
lumped conceptual models that were used in association with discharge measurements to 
forecast runoff in small and medium sized watersheds. Lumped models treat a watershed 
basin as a single uniform entity. Decreased accuracy arose when using these lumped 
models to develop predictions for large watersheds, as runoff for a larger basin requires 
assumptions that become less likely with an increase in scale. These assumptions include 
uniform basin parameters, and a uniform precipitation distribution across the basin 
(Koren et al., 1999).   
To reduce the error associated with models representing larger watersheds, 
different approaches to watershed modeling were explored following the lumped model. 
Spatially distributed hydrologic models were developed in order to make use of remotely 
sensed data and interpret spatial responsiveness of certain watershed parameters (Grayson 
and Bloeschl, 2000). Distributed models can be quasi-distributed, by calculating the 
contributions to total basin flow from separate subbasins that each have homogenous 
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parameters with respect to themselves, or they can be fully distributed, where the whole 
basin is divided into unit areas such as a grid, and flows move through the grid points 
(Xu, 2002, Textbook of Hydrologic Models). By their nature, distributed models accept 
rainfall input in a more realistic manner than as an average over a basin (Ajami et al.).  
While spatially distributed models are an improvement, they come with their own 
caveats that need to be addressed. According to Ajami et al., transitioning from a lumped 
to a distributed model can increase the number of parameters whose values require 
estimation. Calibration is also needed in order to accurately apply the previously 
mentioned watershed parameters derived from field measurements (Hernandez et al., 
2000; Anderson et al., 2001; Khodatalab, 2002). Additionally, correctly assessing the 
total volume of rainfall input into a model is more important in simulating a streamflow 
hydrograph than the rainfall pattern itself (Beven and Hornberger, 1982). Further work by 
Krajewski et al. found that basin response is more sensitive to temporal resolution than to 
a rainfall’s spatial resolution.  
One solution to these modeling disparities that enables modelers to take 
advantage of the benefits offered by both lumped models and spatially distributed models 
is to create a semi-distributed model.  
Boyle et al. (2001) studied and compared the performance differences of a series 
of lumped and  semi-distributed models of the Blue River Basin at different levels of 
spatial representation. Using a multi-criteria approach for model calibration and 
validation, they found that the semi-distributed model performed significantly better than 
the lumped model, but that improvement associated with increasing the representation of 
the model’s spatial hydrologic variability was limited. Rather, main improvements came 
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from spatial representation of input variables such as precipitation and structural 
components of the model such as soil moisture and streamflow routing computations. 
These improvements were in the form of better flood peak and recession simulations. 
2.3 On using NEXRAD data 
The National Weather Service (NWS) operates a Weather Surveillance Radar-
1988 Doppler (WSR-88D) that estimates rainfall at both a high spatial and temporal 
resolution (spatial: 1 km radial, 1-degree azimuth, 230 km radius, and temporal: 5 - 10 
min) (Klazura and Imy 1993; Fulton et al. 1998). Reflectivity values from the radar can 
then be transformed into rainfall data. 
NEXRAD data is initially formed when raw reflectivity data from radar sites is 
converted to precipitation estimates by means of a “reflectivity-rainfall” or “Z-R” 
relationship. As such, radars do not measure rainfall directly, but rather empirically, 
through the following power-law function, 
                                                                       Z AR
b
,                        (1)      
where Z is reflectivity, R is rainfall, and A and b are constant values, dependent upon 
distribution of precipitation drop sizes. This first level of data are known as a stage I 
product, which contains known errors. Stage II data can be derived from stage I data if 
these errors are then accounted for by using “ground truth” gage measurements as a way 
to remove biases that can come from radar precipitation estimates. Finally, these data can 
be improved upon once more to form a stage III product by merging overlapping radar 
fields in a gridded system called the NWS Hydrologic Rainfall Analysis Project (HRAP). 
The gridded system size varies with location, but is in the order of 4 x 4 km
2
. These stage 
III data (also sometimes referred to as HRAP precipitation estimates) can be considered 
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to be radar-derived distributions that have been altered to better reflect precipitation 
values from rain gages. If required, it can be further enhanced or corrected by a 
hydrometerological analysis and support (HAS) forecaster at a river forecast center 
(RFC). The NWS considers these real-time mean areal precipitation estimates to be very 
reliable (NOAA, 2014). 
Error in the rainfall input of a hydrologic model is often assumed to be one of the 
main sources of error in the model predictions (Michaud et al., 1994; Winchell et al., 
1998). Given that  NEXRAD data is remotely sensed by a radar, various limitations have 
been observed in its use. 
Multiple technical and environmental factors can contribute to the radar’s reduced 
accuracy. Surface level winds can offset where the radar observes the rain from where it 
actually hits the ground. Ground interference of the radar is also a concern if large 
buildings or other obstructions are present near the radar (Young et al. 1999; Borga et al. 
2000). The proximity of the storm itself to the radar is also a contributing factor. If the 
storm is too close to the radar, the radar may only detect a portion of the storm’s vertical 
profile. The data may also become distorted by Earth’s curvature if the storm is too far 
from the radar as well. (Smith et al. 1996; Pereira Fo et al. 1998) It should also be noted 
that a radar’s sample volume increases with distance from the radar site, as opposed to 
that of a rain gage, which has a sample size that stays constant.  
Given the variability of radar accuracy, there have been numerous previous 
attempts to understand the correlation between NEXRAD data and gaged meteorological 
data in many regions throughout the United States. Johnson et al.(1999) found that 
precipitation estimates from rain gages were only about 5% to 10% higher than estimates 
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derived from the radar data, showing a good correlation between these methods of data 
acquisition in a study performed in eight basins around the Oklahoma-Arkansas-Missouri 
border. This confidence was echoed by Kalin and Hantush (2006) in their study of a PA 
watershed using both the Soil Water Assessment Tool (SWAT) and NEXRAD data. 
Furthermore, Bedient et al. (2000) used HEC-1 to compute outflow hydrographs from 
both NEXRAD and gage data, finding that the radar data was as good or better than the 
rain gages. Carpenter et al. (2001) also looked at the relationship between parameter and 
rainfall-input sensitivities in a distributed hydrologic model that utilized NEXRAD data. 
They concluded that the model’s results were comparable to those of other operational 
spatially lumped models that utilized rain-gauge data instead.  They also determined that 
the sensitivity of flow statistics to parameters and radar-rainfall input was based on scale.  
In contrast, a study performed in South Carolina by Mizzell (1999) showed very 
poor correlation between rain gage and NEXRAD data. Another study by Neary et al. 
(2004) concluded that NEXRAD did not offer any improvement over rain gages for two 
basins in Tennessee. A third effort was made by Goodhew and Mylne (1992) to compare 
daily mean areal rain gage estimates with rainfall data derived from a single radar over a 
period of 2 years. They found that discrepancies existed between datasets, and that error 
increased the farther away the data was from the radar. Error was also attributed to the 
level of radar calibration, and the location within the radar umbrella that the data was 
taken (Johnson et al., 1999).  
Despite these issues, many in the hydrologic community have seen the potential 
of NEXRAD data, and have made use of it for many hydrologic and ecological modeling 
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purposes. (George et al., 1998; Krajewski and Smith, 2002; Zhang et al., 2004; Hardegree 
et al., 2008). 
Clearly, it can be seen that there are a variety of factors that can affect the 
accuracy of NEXRAD data. Therefore, it comes as no surprise that, despite its potential, 
many in the hydrologic community are reluctant to make use of this resource. (Hardegree 
et al., 2008). Regarding these data, Johnson et al. (1999) stated “a problem of 
inconsistency is identified; however, the level to which these inconsistencies will affect 
hydrologic and climatologic models has yet to be determined.” While many previous 
efforts show this data to be inaccurate, this work still provides useful information for 
future modelers to make use of in their efforts to utilize NEXRAD data for hydrologic 
modeling applications. Additionally, the successes that have been noted in some regions 
that have made use of NEXRAD data provide incentive to determine its applicability 
within the Upper Maurice River watershed as well. Sullivan (2008) has also noted that 
“all radar-derived precipitation data are not of the same quality.” With these points in 
mind, it stands to reason that NEXRAD data should be evaluated on a case-by-case basis 










Chapter 3: Methodology 
3.1.1 General site characterization. The Upper Maurice River Watershed is 
located in New Jersey within Watershed Management Area 17 (WMA 17) and includes 
the Maurice, Salem and Cohansey Rivers. WMA 17 encompasses an area of about 885 
square miles (2292.4 square km) which includes Atlantic, Cumberland, Gloucester and 
Salem counties and a protected land area known as the “Pinelands”. This watershed is 
known particularly for its clean water and habitats due to the Kirkwood-Cohansey 
Aquifer which can be located throughout the Pinelands region. Local efforts and 
congressional acts have delegated a total of 35.2 miles of river within the Maurice 
Watershed as “Wild and Scenic” which has kept development in this area to a minimum 
in accordance with the National Wild and Scenic Rivers Act of 1968.  
3.1.2 Location and description. The watershed is located within the water region 
of the lower Delaware in the Southwest corner of New Jersey, and serves as the Western 
border of the Pinelands. Its upper branches come together in Millville, Cumberland 
County, near Union Lake. Its tributaries include Scotland Run, Muddy Run, Menantico 
Creek, Muskee Creek, and Manumuskin River. The Maurice River, encompassing 386 
square miles of drainage area, flows south for another 20 miles to the Maurice River cove 
before emptying into the Delaware Bay. The surrounding watersheds include Watershed 
Management Areas 15, 16 and 18, which are all located in Southern New Jersey. 
(NJDEP, 2014)  
3.1.3 Topography. There are about 20 major lakes in the Maurice River 
Watershed. Union Lake is the largest, and beneath it, the river is tidal. A majority of the 
remaining area is comprised of agricultural and deciduous forest. 
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The watershed is also partially covered by the Pinelands, which is made up of 
undisturbed wetlands and forest areas. The water within the Pinelands is considered to be 
one of the cleanest sources of water in the region (SaveH20NJ.org, 2014). The area 
primarily consists of sandy, acidic soil which is on a constant flat elevation along the 
mid-Atlantic coastline. The Kirkwood-Cohansey Aquifer is a shallow aquifer which 
underlies the entire Pinelands region, and provides about ninety percent of the source for 
its streams, lakes and rivers. This aquifer delivers key nutrients to a majority of the 
shrubs and trees in the Pinelands. It is also home to various endangered species which 
rely solely upon the aquifer to survive. The aquifer is located close to the surface which is 
the reason why about 20% of the area is made up of wetlands. The Pinelands area is 
extremely ecologically sensitive, and slight changes in climate or disturbances due to 
human intervention can cause severe consequences for the trees and wildlife within the 
territory (NJ Pinelands Commission, 2014).  
3.1.4 Geology and soils. The Pinelands National Reserve covers 1.1 million acres 
of land and contains a large amount of soil developed from the Cohansey geology 
formation.  The geological formation of the soils is mostly medium to coarse grained 
sands with some clay layers, and was deposited during what geologists named the 
Miocene period (NJ Pinelands Commission, 2014).  
The soil within most of the region of the Pinelands is made up of medium to 
coarse grained sands. These soils act more as a sieve than as a sponge, and as such, are 
good conductors of nutrients. These coarse sands are porous in nature, containing large 
voids, which allow for rapid infiltration. The sand inherently cannot absorb moisture, 
which also means it cannot absorb nutrients. The reduction of nutrient absorption has led 
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to plant life being susceptible to starvation, and has resulted in mostly oak and pine trees 
growing in this region (NJ Pinelands Commission, 2014). 
The sieve-like behavior of the Pinelands soil also facilitates the movement of 
pollutants and hazardous liquids through it to the water table below. This factor must be 
considered when determining the allowable amount of chemicals to be used on 
agricultural and residential land. Without careful planning and preparation, contamination 
could easily occur in this region, placing the water supply at risk (NJ Pinelands 
Commission, 2014).  
The Pinelands contains thirteen soil series (also called layers), as well as thirty 
additional soil series along the southern and western edges of the region where other 
geological formations are mixed with the Cohansey formation. The five series which are 
major contributors to the Pineland’s unique soil includes Lakewood, Lakehurst, Atsion, 
Berryland and Muck. Every series of soil is formed under the influence of time, the 
parent material, climate and natural activity. Although most of these influences remain 
the same for each of these five series, the water table and location of the soil can vary. 
The Pinelands has little to no surface runoff and the soil is located in low areas, resulting 
in a fluctuating water table that is very close to the surface. The color of this soil is black 
underlain first by a light gray and then by a reddish brown sandy layer.  These types of 
soils are categorized as wetland or bog soils.   
The sandy soils in the Pinelands are greatly impacted by the water table 
depth.  The different types of trees, shrubs and vegetation that grow in the Pinelands in 
different areas are related to the water table depth and the five soil series previously 
mentioned.  The Atsion, Berryland, and Muck soil series contain plants that grow in their 
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wetlands and have special adaptations that allow them to extract oxygen from the air 
rather than the constantly saturated soil.  
The “Pine Barrens” got its name from settlers in the 1600’s and 1700’s who 
discovered the region and noticed that the soils would not support farming and the 
growing of vegetables, fruits and grain crops that were part of early European 
culture. While certain crops could not grow in this region, it was found that blueberries 
and cranberries could. These berries need highly organic surface soil, a relatively high 
water table and acidic conditions to flourish.  These three conditions happen to be 
associated with the Atsion, Berryland and Muck soils. Since the 1800’s and early 1900’s, 
these fruits have been cultivated and grown on a commercial basis in these areas. Today 
in New Jersey’s agricultural industry, these crops are extremely important, and the “Pine 
Barrens” have proven to be anything but barren (NJ Pinelands Commission, 2014).  
3.1.5 Climate. The climate for New Jersey varies greatly between seasons and 
between climate areas. The Northern climate zone is part of the Appalachian Uplands, 
and consists of elevated highlands and valleys with a continentally behaving climate. The 
Central zone is comprised of many urban locations, and contains a large volume of 
pollutants that stem from automotive and industrial activity. This urbanized area contains 
many paved surfaces, and serves to keep this region warmer than others through a “heat 
island” effect. In contrast to the Central Zone, the Pine Barrens zone contains very low 
temperatures due to the pine and oak forests, as well as the porous, sandy soils that 
dominate the region. The Southwest Zone is close to sea level in some places, and is 
partially occupied by the Delaware Bay. This maritime influence, coupled with its lack of 
sandy soils, serves to keep this region’s average temperature higher than that of the Pine 
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Barrens. Finally, the Coastal Zone temperature is split between continental and coastal 
influences on seasonal and sub-seasonal bases, due to the high heat capacity of the 
adjacent Atlantic Ocean. As such, this region tends to find itself warmer than other areas 
during the fall and early winter, but cooler during the spring (ONJSC, 2014). Each area is 


















The Maurice River watershed is contained mostly within the Pine Barrens climate 




3.1.6 Historic and current land uses and development. The historical use of the 
watershed dates back to the early 1920’s when the rivers of the watershed were used for 
oyster harvesting and commercial fishing. Agricultural uses have been one of the primary 
land-uses of the watershed since the early 1920’s as well. The primary land-use in this 
region is still agricultural, but areas of the watershed have also been established as 
protected lands in order to prevent further development of the natural land.  
At nearly 25% of the land use within the watershed, agriculture has been 
determined to cause a significant impact on the watershed. The agricultural activities 
within this region have resulted in the construction of many irrigation ponds. Some of 
these ponds are “on-stream”, while others serve as the origin point for various tributaries. 
Regardless of location or orientation, it has been found that these ponds benefit the 
watershed by acting as storm water runoff attenuators, sources for constant stream-flow, 
and as sediment deposition areas to help reduce the sediment load downstream. These 
ponds also create wetlands and favorable habitats for many kinds of flora and fauna. 
However, certain farming activities can pose a threat to the watershed by impacting 
surface and ground water runoff rates, volumes and quality. Fortunately, a great extent of 
farmers within this watershed have adopted appropriate conservation practices (GCSCD, 
2004). Figure 2 below depicts the land use in the Upper Maurice River watershed as it 
was recorded in 1995 to 1997. 
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3.1.7 Legislative background. Regulatory standards and other forms of oversight 
began being developed for the Maurice River in 1986, when a series of controversial 
development proposals arose regarding appropriate and inappropriate land uses in the 
region. A hazardous waste entombment facility was proposed near the junction of the 
Manumuskin and Maurice Rivers, eliciting a coordinated response from local 
landowners, environmental organizations, and public officials from five municipalities 
and two counties. Their goal was to secure long term protection of the Maurice River and 
its surroundings. By 1993 Public Law 103-162 was signed, which designated segments of 
the Maurice River and its tributaries as components of the National Wild and Scenic 
Rivers System. A total of 35.4 miles of the Maurice River corridor fell under this 
protection, with 10.5 miles being on the mainstream of the Maurice River, 7.9 miles on 
the Menantico Creek, 14.3 miles on the Manumuskin River, and 2.7 miles on the Muskee 
Creek.  
To qualify for protection under the National Wild and Scenic Rivers Act, a river 
must be free-flowing, relatively undeveloped, and must possess one or more 
“outstandingly remarkable” resources, being either scenic, recreational, geologic, fish and 
wildlife, historic, cultural, or otherwise noteworthy. Long term management and 
protection of the Maurice National Scenic and Recreational River is the responsibility of 
local municipalities, Atlantic and Cumberland Counties, the State of New Jersey, and the 
National Park Service (National Park Service, 2001).  
3.1.8 Region significance. The Maurice River corridor is an exceptionally 
untouched environment among Atlantic Coastal rivers. It is part of the Atlantic flyway, 
and its clean waters and related habitats are vital to the migration of shorebirds, 
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songbirds, waterfowl, raptors, rails, and fish. The Maurice River has also been a historic 
site for fishing, boating, and oystering. The river itself also supports New Jersey’s largest 
stand of wild rice, and is home to over half of the non-marine animals that New Jersey 
has recognized as endangered (New Jersey Conservation Foundation, 2014). 
Geographically and biologically, this region is noteworthy as well. The river 
provides a critical link between the Pinelands National Reserve and the Delaware 
Estuary. It also drains extensive forest and shrub wetlands. The woody vegetation that 
predominates the region traps both sediment and pollutants, and also shades the water, 
helping to provide low temperatures in the river. The vegetation also introduces fine-to-
coarse organic matter into streams in a way that is only seen in undisturbed riverine 
systems. All of this causes the water that the river delivers to the Delaware Bay to be of 
very high quality, which, in turn, is critical to the regional oyster, crab, and fin-fish 
industries. These industries have been both socially and economically important to 
Cumberland County for over five human generations.  
In terms of natural resources, an assessment of the Maurice River has concluded 
that this watershed contains many outstandingly remarkable natural, historical, cultural, 
scenic, and recreational resources, including rare plant and animal species, and critical 
habitats for birds migrating between the north and south hemispheres. The Pinelands 
Comprehensive Management Plan has also identified the Maurice River drainage basin as 
an area of importance (National Park Service, 2001). 
3.2 Rain and stream gage monitoring in the Maurice river watershed. The 
USGS considers maintaining a long-term gathering of data from stream gages to be a 
high priority. These gages provide a consistent, systematic means of data collection. In 
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order to record and use valid data, these gages must be regularly serviced and maintained. 
Funding has been stretched to maintain gages, but the USGS will start to discontinue 
multiple gages due to funding shortages. The discontinuation of these gages will mean 
that the gages cannot be used to provide watershed models with data of publishable 
quality. Whether because of this lack of funding, or due to another reason, the Maurice 
River Watershed does not contain any USGS rain gages (USGS, 2014). 
Aside from USGS gages, there are numerous other rain gages and home weather 
stations in existence. However, no quality control is enacted at most of them. Craig 
McGee of the Camden County Soil Conservation District has suggested that guidelines 
by the NWS are strict for collecting weather data that is of publishable quality. As such, 
these data are not usually considered for use in research. Figures 3 and 4 below show the 













3.3 Watershed Modeling 
3.3.1 Previous modeling efforts in the Maurice river watershed. Parts of the 
Maurice River Watershed and nearby watersheds have been the subject of previous 
studies and modeling efforts by public and private entities alike. Williams et al. 
performed a hydrologic analysis of the Raccoon Creek Watershed in Gloucester County 
in support of developing Regional Stormwater Management plans for several regional 
watersheds, including the RSMP for the Maurice River watershed itself. Additionally, 
previous work was performed in the Maurice River Watershed in preparation of the 
Upper Maurice River RSMP that examined how a variety of hydrologic parameters 
impacted watershed behavior. In 2003, Dewberry and Davis also developed a 
dimensionless unit hydrograph specifically for the Maurice River Watershed in order to 
transform rainfall into runoff for that region (Williams et al., 2005). The U.S. Army 
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Corps of Engineers has also performed current velocity measurements across a section of 
the Maurice River at Bivalve (New Jersey Interim Feasibility Study, 1994). 
3.3.2 Models Used 
3.3.2.1 WMS. The Watershed Modeling System (WMS) is a software package 
produced by Aquaveo, LLC for the purposes of watershed modeling and analysis. The 
WMS software supports 2D hydrologic modeling of watersheds, as well as regression 
analysis and water quality investigations (Aquaveo, 2014). The software was originally 
developed through funding provided by the US Army Corps of Engineers for the 
Engineering Computer Graphics Laboratory at Brigham Young University (BYU). 
Aquaveo, LLC took over development and on-going support of the software in 2007 from 
developers at BYU where it was first utilized (Nelson et al, 1994), Smemoe et al, 2007).  
3.3.2.2.HEC-HMS. The Hydrologic Engineering Center Hydrologic Modeling 
System (HEC-HMS) is designed to simulate the complete hydrologic processes of 
dendritic watershed systems (USACE, 2014).  More specifically, it can be used to 
simulate a precipitation-runoff event, in areas where drainage basins are developed. The 
program was developed by the US Army Corps of Engineers to replace HEC-1. The main 
difference between HEC-1 and HEC-HMS is that HEC-HMS contains more accurate 
modeling processes through numerical analysis and more advanced computer operating 
systems (USACE, 2001). 
3.3.3 Modeling procedure in WMS. In order to develop this model, a digital 
elevation model (DEM) of the Upper Maurice River Watershed was first obtained 
through WMS. Three (3) coverage layers consisting of Drainage, Land Use, and Soil 
Type data were then developed and overlain on the DEM. The Drainage coverage was 
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generated by first creating outlet points at fourteen different locations throughout the 
watershed. These were then used to delineate sub basins within the watershed in order to 
analyze simulated precipitation in different locations within the watershed. The Soil Type 
coverage was generated using Soil Survey Geographical (SSURGO) data from the 
National Cooperative Soil Survey. Finally, the Land Use coverage was generated by 
utilizing land use information the National Land Cover Database. 
The models were originally developed using curve numbers for the sub basins 
which were generated by utilizing the soil type and land use coverage layers. However, it 
became apparent that baseflow was a major contributing factor that was not being 
accounted for with this method. To account for this, the Green and Ampt method was 
selected to be the loss rate method for the model, and surface runoff was transformed into 
streamflow by means of the kinematic wave equation. This method was explored because 
of its proven usefulness in accounting for storage effects in small watersheds (USACE, 
1993).  
Additionally, it has been noted by the US Army Corps of Engineers (USACE, 
1993) that kinematic wave functions typically provide a good representation of smaller 
basins such as the ones encompassed within the study area of this thesis. The baseflow in 
the model was accounted for by means of the Recession method.  
After the model computation equations and parameters were selected, these models were 
exported into HEC-HMS.  
With the HEC-HMS models generated, the basins in WMS were then converted 
into Gridded Surface Subsurface Hydrologic Analysis (GSSHA) basins so that the 
precipitation data could be input in the form of artificial rain gages. GSSHA models are 
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grid-based, two-dimensional hydrologic models that can predict soil moisture, runoff, and 
flooding. Initializing a GSSHA model enabled WMS to run an algorithm to extract 
rainfall from the NEXRAD data (USACE Coastal & Hydraulics Laboratory, 2014).   
Once the model’s basin parameters were initialized, precipitation data was 
gathered and defined. Fourteen (14) different rain events were obtained from the NOAA 
as hourly precipitation data spanning the years of 2010 to 2014. The data was 
downloaded as level III NEXRAD data, available in raw binary form. These data are 
gridded precipitation estimates, and are a multi-sensor product which combines the 
spatial resolution of the radar data with the ground truth estimates of rain gage data from 
the surrounding area (NOAA, 2014). Storm Total Precipitation was the form of 
NEXRAD data selected, and is an estimate of accumulated rainfall that is updated 
continuously, since the last one-hour break in precipitation. This form of data is used for 
purposes such as estimating total basin runoff, determining the flooding potential of both 
urban and rural areas, and providing rainfall accumulation estimates. (Weather 
Underground, 2014.)  
This data had to be converted from binary into ASCII data in order to be used in 
the WMS GSSHA basins. To do this, the NOAA Weather and Climate Toolkit was used. 
This software is available from NOAA in addition to the precipitation data. Once 
converted to ASCII, WMS was used with this data to produce artificial gridded rain 
gages. WMS can output the results of each rain event as a text file, which one can use to 
determine both the incremental and cumulative rainfall depths that were recorded in the 
basin. The modeling time step in WMS was set for every one hour in order to be 
consistent with the 24 hour time interval of the data gathered from the NOAA. Other 
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models were studied using time steps of both five minutes and three hours for the gridded 
precipitation data. The five minute data was determined to be too fine for the model, as 
the USGS discharge data that the NEXRAD data would later be compared to is only 
available in increments as small as every 15 minutes. The three hour data was determined 
to be too coarse to capture some of the changes in precipitation in smaller rain events. As 
such, all of the models were built using hourly rainfall data. 
Each rain event was input into WMS by modeling the subbasins as GSSHA 
models. Gage locations were interpolated using the inverse distance weighted (IDW) 
method available within the program. This resulted in 49 artificial rain gages containing 
NEXRAD data present within the entire watershed. For each rain event, a weighted 
average of all 49 rain gages was taken both across the entire basin, and just within each 
subbasin. This created weighted rain gage data that expressed the artificial rain gages in 
the model first as a single basin-wide average, and then as an average across each of the 
14 subbasins. Figure 5 below shows the distribution of the artificial precipitation gages 










With this data prepared (and the basin characteristics previously obtained), the 
precipitation data was then exported to HEC-HMS in order to further calibrate the 




3.3.4 Modeling Procedure in HEC-HMS. Once the model was exported from 
WMS to HEC-HMS, both the basin and rain parameters were varied in HEC-HMS to 
create models of differing scales and detail. First, a model depicting the watershed as a 
single uniform basin was used in conjunction with a single rain gage where the weighted 
rain gage data for the entire basin was able to be input. This model is referred to as Single 
Basin, Uniform Rain (SBUR). Then, the watershed was divided into 14 subbasins with 
distributed basin parameters, first with the same weighted rain gage used in every basin, 
and then again with 14 rain gages (one weighted rain gage per basin). These models are 
referred to as Distributed Basin Uniform Rain (DBUR) and Distributed Basin Distributed 
Rain (DBDR). The basin parameters were distributed based on land-use, previously 
collected basin characteristic data, and the optimizing function provided within HEC-
HMS. Using the optimizing function, the following variables were changed:  Recession 
Constant, Ratio to Peak, Channel Roughness coefficient, Overland Roughness 
coefficient.  These, and all other basin parameters can be found in Appendix A. 
These subbasins were run with weighted rain for the entire basin, and weighted 
rain within just each subbasin. Additionally, these subbasins were divided into two 
halves, with each half receiving a rain gage, and then divided again into four quadrants, 
with each quadrant receiving a rain gage. These models are referred to as 2 gage and 4 
gage. The basin delineations for the previously described models can be seen below in 






































Once the models were completed, different combinations of precipitation data and 
basin parameters were explored to evaluate model effectiveness. This is discussed in the 
sections below. 
3.4 Precipitation Input Data 
As previously mentioned, Perrin et al. (2001) have recognized that the quality of 
the precipitation input is the most important parameter in a hydrologic model. As such, 
the NEXRAD data utilized in this study was input into the HEC-HMS models in multiple 
methods in order to find which was the most appropriate. This section describes the order 
in which the different methods were explored. 
First, the precipitation data was taken from a single unweighted artificial rain 
gage selected from WMS, and applied to each subbasin in the model. Any negative 
precipitation values encountered were removed at this time. This can be seen for the two 




















Next, the precipitation data was spatially averaged across each basin in the model 
to create weighted precipitation data. As before, any negative precipitation values were 
removed. This was applied to models with un-optimized basin parameters, and then re-
applied to models with optimized basin parameters. The same rain events used for the 
SBUR models above can be seen below in Figures 14 and 15 as they look with weighted 


















Finally, the weighted precipitation data was further edited in order to remove any 
excess precipitation data that were determined to be false or inconsistent with typical 
precipitation patterns. In order to account for this change in the model’s precipitation 
input, the basin parameters were re-optimized as well. The SBUR models below in 


















It should be noted that the precipitation data in the other model types (DBDR, 
DBUR, 2 gage and 4 gage) were also edited in the same manner as was performed for the 
SBUR models. 
3.5 Model Calibration 
In order to study potential spatial variability and scaling issues within this 
watershed, the model was delineated according to the methods detailed above. As 
previously mentioned, each rain event being considered was run in each of the five 
different models in order to evaluate the differences in their outputs. A figure of each of 
the different model types can be seen below for precipitation event 1/11/13. It should be 
noted that all rainfall input was from the weighted rain gages created in WMS. The set of 
models below in Figures 18 to 22 show the model output before the precipitation data 


































As can be seen in this event, the model generally under-predicted the hydrograph 
before the peak, while still following the general trend of the event. However, it was 
found to over- predict the hydrograph after the peak, with the major error appearing to 
stem from excess precipitation input. Models of the remaining events can be found in 
Appendix B.   
Once every model was built and considered, each rain event was classified into 
either a small, medium, or large rain event. The model’s basin parameters were calibrated 
using the HEC-HMS optimizing tool for both a small rain event and for a large rain 
event. Each rain event was then re-run in both the model calibrated for large storms, and 











The results of this modeling effort can be found below in Figures 23 to 32 as an 



























































As can be seen, the models that performed best were the ones where the calibrated 
basin parameters matched the size of the storm (i.e., the model that contained basin 
characteristics optimized for a small precipitation event performed best when a small 
precipitation event used, and vice-versa). 
Almost half of the events were generally well-predicted by the model.  Models of 
other rain events were shown to be both under-predicted and over-predicted. Most of this 
error has been attributed to errors derived from the radar data itself. At seemingly random 
time steps, certain rain events were found to contain large spikes in their data that did not 
match the spatial precipitation patterns expected in any storm. In an effort to reduce this 
error, the rainfall data was visually inspected for extraneous data that did not fit the trends 
in each rain event, and corrected wherever possible. The model parameters were then re-
optimized, and the models were run one final time. 
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Below in Figures 33 to 42 can be found the calibrated hydrographs of certain rain 




























































As can be seen, the degree that the hydrograph changed in each model depended 
primarily on the degree that the precipitation input was edited. 
The models were also evaluated using the Nash-Sutcliffe equation. Nash and 
Sutcliffe (1970) developed this model, which is defined as one minus the sum of the 
absolute squared differences between the predicted and observed values, which are then 
normalized by the variance of the observed values during the same period, in order to 
forecast hydrologic models. This is calculated by the following equation: 
 
 
    
        
  
   
         
 





This range of E can be anywhere from 1 (meaning a perfect fit) to -∞. An E of less than 
zero indicates that the mean of the observed time series would have been a better 
predictor than the model itself.  It should be noted that this equation calculates the 
differences between the model’s observed and predicted values as squared values. As 
such, larger time series values are greatly overestimated, while smaller values are ignored 
(Legates and McCabe, 1999). This can lead to an overestimation of a model’s 
performance at its peak flow, and an underestimation when low flow conditions prevail. 
Below can be found Table 2, which displays the best fit model for each rain event, based 







Table 2: Best Fit Models for Each Event Based on a Comparison of Nash-Sutcliffe Values 
General Model Info Both sets 
Optimized once  
pre rain edits 
Optimized twice 





















1 10/28/2012 6 4.34 large large 2 gage 0.867 4 gage 0.942 
2 9/30/2010 8 4.9 large large SBUR -0.021 SBUR -0.156 
3 8/13/2011 9 7.37 large large 4 gage 0.844 DBDR 0.783 
5 6/2/2013 4 5.2 large small 2 gage 0.571 DBUR 0.534 
4 4/28/2014 14 3.08 medium large DBUR 0.821 DBUR 0.803 
6 6/12/2012 7 2.16 medium large 2 gage 0.707 2 gage 0.576 
8 1/11/2013 18 2.39 medium small DBDR 0.533 2 gage 0.629 
7 8/5/2012 9 1.44 small large DBUR -0.36 DBUR -0.412 
9 5/6/2013 15 1.84 small small 2 gage 0.547 DBDR 0.566 
10 11/26/2013 9 1.36 small small DBUR 0.831 DBUR 0.831 
11 12/7/2012 15 1.75 small small 2 gage 0.235 SBUR 0.474 
12 4/12/2013 12 1.33 small small DBDR 0.6 DBUR 0.327 
13 6/3/2014 8 1.74 small small DBUR -0.154 DBUR -0.11 
15 9/17/2012 6 1.55 small large DBUR 0.329 DBUR 0.576 
      





As can be seen, the Nash-Sutcliffe values for both the models with un-edited 
weighted rain and edited weighted rain are very similar, and their averages are nearly 
identical. Six of the models showed improvement after their precipitation data was edited. 
These were models that contained a notable amount of excess precipitation. While this 
provided greater confidence in the accuracy of the precipitation event, it also sometimes 
removed excess runoff from certain points within the model that was compensating for a 
lack of runoff at other points. Additionally, it should be noted that the basin parameters 
changed very little between the first and second optimizations. This suggests that the 
Nash-Sutcliffe value alone should not be the only factor considered when determining 
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model accuracy.  Visual inspection of the hydrographs and precipitation input is also a 
necessary task.  
It can also be seen that 3 out of 4 of the large rain events performed best using 
distributed basin parameters calibrated to the same size rain event and coupled with 4 or 
fewer rain gages. Both medium storms performed best with distributed basin parameters 
calibrated for large storms, and using only 1 or 2 rain gages. Finally, it can be seen that  6 
of the 8 small events performed best with small basin parameters. All models save one 
did better with distributed basin parameters, and all but two performed best with 2 or 
fewer rain gages.  
Spatial differences have been observed in different model types when compared 
for the same rain event. This can be seen through a comparison of each model’s Nash-
Sutcliffe value. The full table of these values can be found in Appendix D. Basin 
parameters were found to be of a secondary importance in creating similar hydrographs 
for the same rain events in different models. The most sensitive parameter was found to 
be the quality of the NEXRAD precipitation input. 
Below in Table 3 are results regarding the model’s predicted effects for increased 
urbanization due to land-use change within the watershed. The amount of impervious 
surface within the watershed was increased by 5 percent, and both a large and small 





















10/28/2012 557.9 946.9 69.7 
12/7/2012 169.3 227 34.1 
4 gage 
10/28/2012 513.1 875.9 70.7 
12/7/2012 162.8 224.3 37.8 
DBDR 
10/28/2012 584.4 985.7 68.7 
12/7/2012 149.2 202 35.4 
DBUR 
10/28/2012 551 915.4 66.1 
12/7/2012 159 215.1 35.3 
SBUR 
10/28/2012 671.2 1131.4 68.6 




As the table above shows, an increase in urbanization in this watershed would 
likely cause a disproportional increase to the region’s stormwater runoff. Model results 
have suggested that increasing the impervious area by as little as 5 percent would result 
in as much as a 70 percent increase in stormwater runoff for large or extreme events, and 
as much as a 37 percent increase for small events. The changes in each model’s 































































Chapter 4: Findings 
The accuracy of the HEC-HMS models was found to vary considerably. 
However, the overall model confidence improved with each successive change in 
modeling procedure. Some model outputs matched the observed data very well when 
utilizing NEXRAD data. Other model outputs did not match the observed data very well 
when using the weighted NEXRAD data. Finally, some models did not match very well 
initially, but showed a much better correlation after the weighted NEXRAD data was 
edited further.  
These results suggest that it is important to select an appropriate rain gage if the 
rain data is unweighted and is being input as a single gage in a single basin, and that it is 
important to select a series of appropriate gages when using a delineated model. 
Additionally, another method of addressing this is to create weighted rain gages that 
better reflect a rain event’s distribution throughout the entire watershed.  
It was also found that the artificial rain gages themselves require attention after 
they have been generated. Many rain events included negative values within their 
hyetographs. This is assumed to be an error caused by the NEXRAD radars. These 
negative values must be accounted for in some manner before the data can be used within 
HEC-HMS. Some rain events were also found to include excess rainfall that was not 
actually part of the event. These data must also be identified and addressed in order to 
maximize the NEXRAD data’s effectiveness in a model. 
Once the weighted gages, optimized basin parameters, and edited rainfall were all 
utilized within HEC-HMS, the observed and simulated data for each rain event was much 
closer than the initial runs.  
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Chapter 5: Summary, Conclusions, and Recommendations 
A semi-distributed hydrologic model was developed on multiple scales for model 
applications in the Upper Maurice River watershed. NEXRAD radar data was used as the 
spatially distributed precipitation input for this model. The model was run as both a 
single basin, and as a number of sub-basins with different land-uses and soil-types. In 
each type of model, the precipitation was entered as both a single weighted and un-
weighted gage, and as 14 weighted and un-weighted gages. 
The spatially distributed precipitation data, retrieved from NOAA,  was 
introduced into the model as a series of artificial rain gages in a GSSHA model created in 
WMS. These gages were then spatially averaged and input into the models that were 
exported into HEC-HMS. The Green and Ampt method was the chosen loss rate method, 
and surface runoff was transformed into streamflow by means of the kinematic wave 
equation. It was then routed through each sub-basin until it reached the basin outlet. The 
baseflow was accounted for by means of the Recession method.  
The hourly data collected for the time period of 2010 to 2014 were used to 
calibrate the model. It should be noted that other forms of NEXRAD are available for use 
that were not considered for this study. 
The data used to simulate discharge at the basin outlet varied in its level of 
agreement with the observed data. The initial models which contained only one un-
weighted rain gage varied significantly in their output, and were influenced by the 




It was found that many model’s hydrographs fit well with the weighted rain gages 
and selected basin parameters. Other models had high hydrographs, indicating erroneous 
entries within the NEXRAD data, but this data was able to be further adjusted to improve 
the model’s accuracy. Finally, some models were found to have low hydrographs, 
indicating that the NEXRAD data was not supplying enough rain for those particular 
storm events. 
The different types of models used for each event also proved to have an effect on 
the model’s hydrograph. Many basin parameters were found to change between the type 
of model used, and the size of the rain event considered. Model structure and scale should 
change with respect to the volume of the rain event being considered. For precipitation 
events of all sizes, it was found that models should be built with finer-scale basin 
parameters (such as a greater number of subbasins) and use coarsely-distributed 
precipitation input (such as a lower number of rain gages). This suggests that spatial 
variability and scaling issues do play a role when using NEXRAD data within the 
Maurice River watershed. However, the primary influence on the model’s output is still 
the quality of the precipitation data used.  
The findings of this thesis are also in agreement with both Merz and Beven, in 
relation to their suggestions that meteorological data was more important than model 
scale or basin characteristics. The volume of each rain event was also more sensitive in 
the model calibration, and caused a greater impact on the model output than any changes 
to the level of spatial distribution used. 
These findings also help support those of Perrin’s. While catchment size did 
matter to a certain extent, the quality of the data used was more important. Finally, the 
71 
 
different time scales did not seem to affect the data’s accuracy for any model. It is 
possible that the durations of the events were too similar for any changes in accuracy to 
be observed.  
5.1 Conclusions about Utilizing NEXRAD Data 
The results of this thesis suggest that NEXRAD data can be successfully utilized 
within this watershed if there is sufficient rain recorded in the event, and if extraneous 
rain is identified and removed from the event. If using a single gage to create a rainfall 
event for a basin of any size, care should be taken in selecting a gage that best represents 
the distribution of rainfall throughout the study region. Picking the correct single gage 
can yield a hydrograph that provides a good representation of the region, but picking an 
incorrect one will instead generate an ill-fitting hydrograph. Therefore, creating a 
weighted average of rainfall by using multiple rain gages increases the likelihood that  
any errors within the data will be reduced.  
Many previous warnings regarding NEXRAD data were observed in the results as 
well. As mentioned above, some of the data under-predicted the amount of rain in certain 
events, while other data over-predicted certain events and had to be adjusted. These 
errors in the NEXRAD data were attributed to inherent technical and environmental 
factors.  
This assessment of the Upper Maurice River Watershed demonstrates that it is 
feasible to model hydrologic responses on a basin-scale using NEXRAD data with a 
semi-distributed approach.  
Biftu and Gan (2001) believe that hydrologic models which make use of satellite 
data should be used to complement, rather than replace, current lumped conceptual 
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models. Further research could be performed in order to determine if the accuracy of 
these models further increases when the NEXRAD data is calibrated against another 
source of data, or if a more consistent method of editing the data is used. 
5.2 Conclusions about Future Urbanization Impacts in the Maurice River 
Watershed 
Finally, it was determined that future urbanization in the Maurice River 
Watershed could impact watershed behavior and increase runoff in the region. As little as 
a 5 percent increase to the region’s impervious surface showed disproportionally higher 
increases to the watershed’s runoff, particularly during large or extreme events.  In 
addition to stormwater volume concerns, this also could further impact stormwater 
quality  as well. Any pollutants or contaminants within this runoff could be absorbed 
through the region’s sandy soils and subsequently enter the Kirkwood-Cohansey Aquifer 
below, posing a danger to both the local population and environment. Further research is 
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Appendix A: HEC-HMS Basin Parameters 
Table A-1: Constant Loss Parameters Used in Every Model 
Model 
Type  
  Loss 1 












0.46 0.46 5 5 11 
DBDR 
large 10/28/2014 1 0.46 0.46 5 5 11 
    2 0.46 0.46 5 5 11 
    3 0.46 0.46 5 5 11 
    4 0.46 0.46 5 5 11 
    5 0.46 0.46 5 5 11 
    6 0.46 0.46 5 5 11 
    7 0.46 0.46 5 5 11 
    8 0.46 0.46 5 5 11 
    9 0.46 0.46 5 5 11 
    10 0.46 0.46 5 5 11 
    11 0.46 0.46 5 5 11 
    12 0.46 0.46 5 5 11 
    13 0.46 0.46 5 5 11 
    14 0.46 0.46 5 5 11 
 
Table A-2: Constant Channel Parameters Used in Every Model 
Model Type 
    Channel 
Event Basin # Length Slope Subreaches Bottom Width Side Slope 
SBUR large 
10/28/2014 
whole 84924.5 0.01 5 10 2 
SBUR small 
 
84924.5 0.01 5 10 2 
DBDR large 10/28/2014 1 21482 0.0075 5 10 2 
    2 27236 0.0106 5 10 2 
    3 21209 0.0075 5 10 2 
    4 22482 0.0073 5 10 2 
    5 28156 0.0082 5 10 2 
    6 25453 0.0087 5 10 2 
    7 23172 0.0108 5 10 2 
    8 27776 0.0105 5 10 2 
    9 25754.6 0.0126 5 10 2 
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    10 33023 0.0121 5 10 2 
    11 30812 0.0108 5 10 2 
    12 24949 0.0108 5 10 2 
    13 24529 0.0094 5 10 2 
    14 27198 0.01111 5 10 2 
 
Table A-3: Constant Plane Parameters Used in Every Model 
Model Type 
    Plane 1 
Event Basin # Length Slope Area 
SBUR large 
10/28/2014 
whole 84924.5 0.01 100 
SBUR small 
 
84924.5 0.01 100 
DBDR large 10/28/2014 1 21482 0.01 100 
    2 27236 0.01 100 
    3 21209 0.01 100 
    4 22482 0.01 100 
    5 28156 0.01 100 
    6 25453 0.01 100 
    7 23172 0.01 100 
    8 27776 0.01 100 
    9 25754.6 0.01 100 
    10 33023 0.01 100 
    11 30812 0.01 100 
    12 24949 0.01 100 
    13 24529 0.01 100 
    14 27198 0.01 100 
 
Table A-4: Constant Baseflow Parameters Used in Every Model 
Model Type 
    Baseflow 
Event Basin # Initial type Initial Discharge Threshold type 
SBUR large 
10/28/2014 
whole discharge 76.099 Ratio to peak 
SBUR small 
 
discharge 76.099 Ratio to peak 
DBDR large 10/28/2014 1 discharge 5 Ratio to peak 
    2 discharge 5 Ratio to peak 
    3 discharge 5 Ratio to peak 
    4 discharge 5 Ratio to peak 
    5 discharge 5 Ratio to peak 
    6 discharge 5 Ratio to peak 
    7 discharge 8.7 Ratio to peak 
82 
 
    8 discharge 5 Ratio to peak 
    9 discharge 5 Ratio to peak 
    10 discharge 8.7 Ratio to peak 
    11 discharge 8.7 Ratio to peak 
    12 discharge 5 Ratio to peak 
    13 discharge 5 Ratio to peak 
    14 discharge 5 Ratio to peak 
 
Table A-5: Parameters Altered using the HEC-HMS Optimizing Tool 
    
   
channel plane baseflow 
   





SBUR large whole 0.0426866 0.0357653 0.83746 0.81111 
 
small whole 0.0409771 0.016507 0.93994 0.87233 
DBDR large 1 0.0269756 0.093872 1 1 
  
2 0.072 0.20631 1 1 
  
3 0.0401165 0.606303 0.75931 0.52524 
  
4 0.0403247 0.15064 0.77534 0.79155 
  
5 0.0410161 0.14015 0.76875 0.77663 
  
6 0.0922698 0.13827 0.77547 0.77672 
  
7 0.01 0.12676 0.77518 0.53836 
  
8 0.25 0.21603 0.77491 0.99002 
  
9 0.0164865 0.19788 0.76595 0.7917 
  
10 0.135 0.0949428 0.77499 0.79161 
  
11 0.15062 0.15146 0.77406 0.79171 
  
12 0.10097 0.31295 0.73789 0.80385 
  
13 0.0831573 0.0587743 0.77188 0.53738 
  
14 0.13867 0.22215 0.784 1 
 
small 1 0.0263852 0.13671 1 0 
  
2 0.032 0.0913333 0.9 0.882 
  
3 0.0272179 0.06 1 0.8845 
  
4 0.0608298 0.14779 1 0.87821 
  
5 0.041 0.0908081 1 1 
  
6 0.0620009 0.0786865 1 1 
  
7 0.01 0.084 1 0.88624 
  
8 0.214 0.214 0.90157 0.90431 
  
9 0.0158466 0.0934946 0.88556 0.8864 
  
10 0.06 0.06174 0.88534 1 
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    11 0.0668973 0.14724 1 0.6 
    12 0.1 0.30243 0.90786 0.66667 
    13 0.18086 0.0370921 0.86436 1 
    14 0.092 0.21562 0.9 0.4 
DBUR large 1 0.0403957 0.1399 1 1 
    2 0.0481745 0.20652 1 0.66993 
    3 0.06075 0.135 1 0.79169 
    4 0.0611202 0.15073 0.77502 0.79152 
    5 0.0615 0.093865 0.76844 0.77651 
    6 0.0926478 0.13766 0.79073 0.79265 
    7 0.01 0.1899 0.77489 0.79109 
    8 0.25 0.21604 0.77424 0.99002 
    9 0.037125 0.19792 0.76532 0.79159 
    10 0.0599186 0.0949434 0.77464 0.79149 
    11 0.225 0.15148 0.77257 0.79176 
    12 0.1507 0.31292 0.73789 0.80385 
    13 0.0805582 0.0392681 0.77085 0.77206 
    14 0.13867 0.22217 0.784 1 
DBUR small 1 0.0263848 0.062 1 1 
    2 0.0213333 0.0913333 0.95798 1 
    3 0.02646 0.0590163 0.957 1 
    4 0.0405532 0.14406 1 0.6 
    5 0.0273333 0.062 0.9547 1 
    6 0.041 0.11604 1 0.6 
    7 0.01 0.12348 1 0.6 
    8 0.20972 0.14267 0.95332 0.86436 
    9 0.0105644 0.13446 0.95097 0.86436 
    10 0.057056 0.063 0.95313 0.6 
    11 0.0985066 0.1 0.931 0.86436 
    12 0.0444445 0.20667 0.95786 0.86436 
    13 0.12057 0.0545254 0.95 0.86436 
    14 0.0613333 0.14667 0.95 0.86436 
2 gage large 1 0.0266707 0.0914282 1 1 
    2 0.0479822 0.20642 1 1 
    3 0.035036 0.0604588 0.75864 0.7721 
    4 0.039788 0.15071 0.77472 0.79153 
    5 0.09225 0.0938981 0.76815 0.77641 
    6 0.13838 0.20649 0.75626 0.78886 
    7 0.01 0.18991 0.75616 0.53822 
    8 0.25 0.21596 0.75585 0.99002 
    9 0.0245025 0.19787 0.74725 0.79154 
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    10 0.09 0.0949294 0.77237 0.53863 
    11 0.15022 0.15147 0.75533 0.80394 
    12 0.15069 0.31294 0.73789 0.35727 
    13 0.18675 0.058735 0.7714 0.52521 
    14 0.13867 0.22206 0.784 1 
2 gage small 1 0.0175899 0.0893172 0.95156 0.88512 
    2 0.0209066 0.0895066 0.95263 0.86436 
    3 0.018 0.0401061 0.93837 0.90768 
    4 0.0598157 0.0598157 1 0.588 
    5 0.0267867 0.06076 0.93194 1 
    6 0.0590646 0.0773612 0.93212 1 
    7 0.01 0.0841867 0.94231 0.86436 
    8 0.13981 0.0951133 0.93329 0.86436 
    9 0.0104074 0.0914667 0.94053 0.86436 
    10 0.0901437 0.0600336 0.95443 0.66667 
    11 0.0444445 0.0666667 1 0.588 
    12 0.0444445 0.13778 0.94551 0.6 
    13 0.0817356 0.0372927 1 0.66667 
    14 0.0408889 0.21129 0.95 0.86436 
4 gage large 1 0.0270815 0.13671 1 1 
    2 0.25 0.13819 1 0.66998 
    3 0.027 0.0903948 1 0.53859 
    4 0.059682 0.15066 0.77514 0.79161 
    5 0.0609506 0.14018 0.76856 0.77672 
    6 0.0926878 0.20649 0.7754 1 
    7 0.01 0.2835 0.77476 0.80361 
    8 0.21504 0.21565 0.77434 0.99002 
    9 0.02475 0.19791 0.76514 0.79181 
    10 0.090083 0.0949667 0.77475 0.79168 
    11 0.15075 0.22591 0.75533 0.80394 
    12 0.15074 0.31277 0.50197 0.35727 
    13 0.0816801 0.0389971 0.77173 0.53838 
    14 0.13864 0.22207 0.784 1 
4 gage small 1 0.0175899 0.062 1 0.88635 
    2 0.0209066 0.0608889 1 0.88633 
    3 0.0179526 0.0444714 0.93291 0.88631 
    4 0.0584209 0.09604 0.95723 0.588 
    5 0.0410629 0.06076 0.93646 1 
    6 0.0417764 0.07736 0.95707 0.4 
    7 0.01 0.0841551 1 0.66667 
    8 0.13981 0.0951133 0.93054 0.86436 
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    9 0.0106189 0.13446 0.92321 0.86436 
    10 0.0266667 0.0907578 0.93053 0.86436 
    11 0.0653334 0.098 0.95839 0.86436 
    12 0.0444445 0.20253 0.95717 0.86436 
    13 0.05468 0.0363503 0.9189 0.88527 





Appendix B: HEC-HMS Model Hydrographs with Un-edited Precipitation 
 
B.1: HEC-HMS Hydrographs for Rain Event 1/11/13 
 
 
Figure B-1: 2 Gage, Large Event Basin Parameters 
 
 





Figure B-3: 4 Gage, Large Event Basin Parameters 
 
 





Figure B-5: DBDR, Large Event Basin Parameters 
 
 





Figure B-7: DBUR, Large Event Basin Parameters 
 
 





Figure B-9: SBUR, Large Event Basin Parameters 
 
 








B.2: HEC-HMS Hydrographs for Rain Event 4/12/13 
 
 
Figure B-11: 2 Gage, Large Event Basin Parameters 
 
 





Figure B-13: 4 Gage, Large Event Basin Parameters 
 
 





Figure B-15: DBDR, Large Event Basin Parameters 
 
 





Figure B-17: DBUR, Large Event Basin Parameters 
 
 





Figure B-19: SBUR, Large Event Basin Parameters 
 
 











B.3: HEC-HMS Hydrographs for Rain Event 4/28/14 
 
 
Figure B-21: 2 Gage, Large Event Basin Parameters 
 
 





Figure B-23: 4 Gage, Large Event Basin Parameters 
 
 





Figure B-25: DBDR, Large Event Basin Parameters 
 
 





Figure B-27: DBUR, Large Event Basin Parameters 
 
 





Figure B-29: SBUR, Large Event Basin Parameters 
 
 











B.4: HEC-HMS Hydrographs for Rain Event 5/6/13 
 
 
Figure B-31: 2 Gage, Large Event Basin Parameters 
 
 





Figure B-33: 4 Gage, Large Event Basin Parameters 
 
 





Figure B-35: DBDR, Large Event Basin Parameters 
 
 





Figure B-37: DBUR, Large Event Basin Parameters 
 
 





Figure B-39: SBUR, Large Event Basin Parameters 
 
 











B.5: HEC-HMS Hydrographs for Rain Event 6/2/13 
 
 
Figure B-41: 2 Gage, Large Event Basin Parameters 
 
 





Figure B-43: 4 Gage, Large Event Basin Parameters 
 
 





Figure B-45: DBDR, Large Event Basin Parameters 
 
 





Figure B-47: DBUR, Large Event Basin Parameters 
 
 





Figure B-49: SBUR, Large Event Basin Parameters 
 
 











B.6: HEC-HMS Hydrographs for Rain Event 6/3/14 
 
 
Figure B-51: 2 Gage, Large Event Basin Parameters 
 
 





Figure B-53: 4 Gage, Large Event Basin Parameters 
 
 





Figure B-55: DBDR, Large Event Basin Parameters 
 
 





Figure B-57: DBUR, Large Event Basin Parameters 
 
 





Figure B-59: SBUR, Large Event Basin Parameters 
 
 











B.7: HEC-HMS Hydrographs for Rain Event 6/12/12 
 
 
Figure B-61: 2 Gage, Large Event Basin Parameters 
 
 





Figure B-63: 4 Gage, Large Event Basin Parameters 
 
 





Figure B-65: DBDR, Large Event Basin Parameters 
 
 





Figure B-67: DBUR, Large Event Basin Parameters 
 
 





Figure B-69: SBUR, Large Event Basin Parameters 
 
 











B.8: HEC-HMS Hydrographs for Rain Event 8/5/12 
 
 
Figure B-71: 2 Gage, Large Event Basin Parameters 
 
 





Figure B-73: 4 Gage, Large Event Basin Parameters 
 
 





Figure B-75: DBDR, Large Event Basin Parameters 
 
 





Figure B-77: DBUR, Large Event Basin Parameters 
 
 





Figure B-79: SBUR, Large Event Basin Parameters 
 
 











B.9: HEC-HMS Hydrographs for Rain Event 8/13/11 
 
 
Figure B-81: 2 Gage, Large Event Basin Parameters 
 
 





Figure B-83: 4 Gage, Large Event Basin Parameters 
 
 





Figure B-85: DBDR, Large Event Basin Parameters 
 
 





Figure B-87: DBUR, Large Event Basin Parameters 
 
 





Figure B-89: SBUR, Large Event Basin Parameters 
 
 











B.10: HEC-HMS Hydrographs for Rain Event 9/17/12 
 
 
Figure B-91: 2 Gage, Large Event Basin Parameters 
 
 





Figure B-93: 4 Gage, Large Event Basin Parameters 
 
 





Figure B-95: DBDR, Large Event Basin Parameters 
 
 





Figure B-97: DBUR, Large Event Basin Parameters 
 
 





Figure B-99: SBUR, Large Event Basin Parameters 
 
 











B.11: HEC-HMS Hydrographs for Rain Event 9/30/10 
 
 
Figure B-101: 2 Gage, Large Event Basin Parameters 
 
 





Figure B-103: 4 Gage, Large Event Basin Parameters 
 
 





Figure B-105: DBDR, Large Event Basin Parameters 
 
 





Figure B-107: DBUR, Large Event Basin Parameters 
 
 





Figure B-109: SBUR, Large Event Basin Parameters 
 
 











B.12: HEC-HMS Hydrographs for Rain Event 11/26/13 
 
 
Figure B-111: 2 Gage, Large Event Basin Parameters 
 
 





Figure B-113: 4 Gage, Large Event Basin Parameters 
 
 





Figure B-115: DBDR, Large Event Basin Parameters 
 
 





Figure B-117: DBUR, Large Event Basin Parameters 
 
 





Figure B-119: SBUR, Large Event Basin Parameters 
 
 






Appendix C: HEC-HMS Model Hydrographs with Edited Precipitation 
 
C.1: HEC-HMS Hydrographs for Rain Event 1/11/13 
 
 
Figure C-1: 2 Gage, Large Event Basin Parameters 
 
 





Figure C-3: 4 Gage, Large Event Basin Parameters 
 
 





Figure C-5: DBDR, Large Event Basin Parameters 
 
 





Figure C-7: DBUR, Large Event Basin Parameters 
 
 





Figure C-9: SBUR, Large Event Basin Parameters 
 
 











C.2: HEC-HMS Hydrographs for Rain Event 4/12/13 
 
 
Figure C-11: 2 Gage, Large Event Basin Parameters 
 
 





Figure C-13: 4 Gage, Large Event Basin Parameters 
 
 





Figure C-15: DBDR, Large Event Basin Parameters 
 
 





Figure C-17: DBUR, Large Event Basin Parameters 
 
 





Figure C-19: SBUR, Large Event Basin Parameters 
 
 











C.3: HEC-HMS Hydrographs for Rain Event 4/28/14 
 
 
Figure C-21: 2 Gage, Large Event Basin Parameters 
 
 





Figure C-23: 4 Gage, Large Event Basin Parameters 
 
 





Figure C-25: DBDR, Large Event Basin Parameters 
 
 





Figure C-27: DBUR, Large Event Basin Parameters 
 
 





Figure C-29: SBUR, Large Event Basin Parameters 
 
 











C.4: HEC-HMS Hydrographs for Rain Event 5/6/13 
 
 
Figure C-31: 2 Gage, Large Event Basin Parameters 
 
 





Figure C-33: 4 Gage, Large Event Basin Parameters 
 
 





Figure C-35: DBDR, Large Event Basin Parameters 
 
 





Figure C-37: DBUR, Large Event Basin Parameters 
 
 





Figure C-39: SBUR, Large Event Basin Parameters 
 
 











C.5: HEC-HMS Hydrographs for Rain Event 6/2/13 
 
 
Figure C-41: 2 Gage, Large Event Basin Parameters 
 
 





Figure C-43: 4 Gage, Large Event Basin Parameters 
 
 





Figure C-45: DBDR, Large Event Basin Parameters 
 
 





Figure C-47: DBUR, Large Event Basin Parameters 
 
 





Figure C-49: SBUR, Large Event Basin Parameters 
 
 











C.6: HEC-HMS Hydrographs for Rain Event 6/3/14 
 
 
Figure C-51: 2 Gage, Large Event Basin Parameters 
 
 





Figure C-53: 4 Gage, Large Event Basin Parameters 
 
 





Figure C-55: DBDR, Large Event Basin Parameters 
 
 





Figure C-57: DBUR, Large Event Basin Parameters 
 
 





Figure C-59: SBUR, Large Event Basin Parameters 
 
 











C.7: HEC-HMS Hydrographs for Rain Event 6/12/12 
 
 
Figure C-61: 2 Gage, Large Event Basin Parameters 
 
 





Figure C-63: 4 Gage, Large Event Basin Parameters 
 
 





Figure C-65: DBDR, Large Event Basin Parameters 
 
 





Figure C-67: DBUR, Large Event Basin Parameters 
 
 





Figure C-69: SBUR, Large Event Basin Parameters 
 
 











C.8: HEC-HMS Hydrographs for Rain Event 8/5/12 
 
 
Figure C-71: 2 Gage, Large Event Basin Parameters 
 
 





Figure C-73: 4 Gage, Large Event Basin Parameters 
 
 





Figure C-75: DBDR, Large Event Basin Parameters 
 
 





Figure C-77: DBUR, Large Event Basin Parameters 
 
 





Figure C-79: SBUR, Large Event Basin Parameters 
 
 











C.9: HEC-HMS Hydrographs for Rain Event 8/13/11 
 
 
Figure C-81: 2 Gage, Large Event Basin Parameters 
 
 





Figure C-83: 4 Gage, Large Event Basin Parameters 
 
 





Figure C-85: DBDR, Large Event Basin Parameters 
 
 





Figure C-87: DBUR, Large Event Basin Parameters 
 
 





Figure C-89: SBUR, Large Event Basin Parameters 
 
 











C10: HEC-HMS Hydrographs for Rain Event 9/17/12 
 
 
Figure C-91: 2 Gage, Large Event Basin Parameters 
 
 





Figure C-93: 4 Gage, Large Event Basin Parameters 
 
 





Figure C-95: DBDR, Large Event Basin Parameters 
 
 





Figure C-97: DBUR, Large Event Basin Parameters 
 
 





Figure C-99: SBUR, Large Event Basin Parameters 
 
 











C11: HEC-HMS Hydrographs for Rain Event 9/30/10 
 
 
Figure C-101: 2 Gage, Large Event Basin Parameters 
 
 





Figure C-103: 4 Gage, Large Event Basin Parameters 
 
 





Figure C-105: DBDR, Large Event Basin Parameters 
 
 





Figure C-107: DBUR, Large Event Basin Parameters 
 
 





Figure C-109: SBUR, Large Event Basin Parameters 
 
 











C.12: HEC-HMS Hydrographs for Rain Event 11/26/13 
 
 
Figure C-111: 2 Gage, Large Event Basin Parameters 
 
 





Figure C-113: 4 Gage, Large Event Basin Parameters 
 
 





Figure C-115: DBDR, Large Event Basin Parameters 
 
 





Figure C-117: DBUR, Large Event Basin Parameters 
 
 





Figure C-119: SBUR, Large Event Basin Parameters 
 
 





Appendix D: Model Output Parameters 
 
Table D-1: Nash-Sutcliffe Values for Un-Edited Precipitation Events 






























e large                 




e large 218.2 0.61 290 96.2 1.18 -3.549 99.8 -0.57 
    small 357.8 1.38 290 56.3 1.18 -0.763 62.2 0.2 
  
DB
DR large 178.9 0.54 290 108.8 1.18 -4.803 
112.
8 -0.65 
    small 275.9 1.18 290 27.2 1.18 0.533 32 0 
  
DB
UR large 205.5 0.63 290 93.3 1.18 -3.282 96.9 -0.55 
    small 336.5 1.37 290 52.8 1.18 -0.663 50.4 0.19 
  
SBU
R large 242.9 2.39 290 104.8 0.97 -3.913 
105.
5 -0.49 





e large 189.6 0.39 250 107.4 0.78 -19.793 
113.
6 -0.39 




e large 176.2 0.35 250 118.1 0.78 -23.804 124 -0.43 
    small 234.9 0.7 250 22.5 0.78 -0.011 25 -0.08 
  
DB
DR large 194.9 0.4 250 103.4 0.78 -18.383 
109.
7 -0.38 
    small 241.1 0.74 250 11.5 0.78 0.6 15.8 -0.04 
  
DB
UR large 179.1 0.37 250 112.7 0.78 -21.612 
118.
4 -0.41 
    small 232 0.72 250 17.1 0.78 0.373 19.7 -0.06 
  
SBU
R large 187.8 1.33 250 120.6 0.78 -25.508 
128.
2 -0.44 
















e large 502.1 1.01 862 220.2 2.09 -0.88 
255.
6 -1.09 





DR large 557.8 1.21 862 180.5 2.09 -0.302 
212.
3 -0.88 





UR large 1114.3 2.05 862 52.8 2.09 0.821 78.6 -0.04 





R large 478.5 3.08 862 257.7 2.09 -1.383 
287.
2 -1.28 







e large 293.6 0.93 250 22.1 0.86 0.477 27.5 0.07 




e large 166.8 0.46 250 81.7 0.86 -4.16 86.2 -0.4 
    small 270.7 0.94 250 24.9 0.86 0.381 29.9 0.08 
  
DB
DR large 168.9 0.53 250 68 0.86 -2.623 72.3 -0.34 
    small 266.8 0.97 250 35.3 0.86 -0.301 43.3 0.11 
  
DB
UR large 170.4 0.47 250 79.8 0.86 -3.913 84.1 -0.39 
    small 281.4 0.97 250 29.3 0.86 0.167 34.6 0.11 
  
SBU
R large 187.5 1.84 250 94.3 0.82 -5.775 99.9 -0.44 





e large 419.7 0.81 518 77.9 1 0.571 90.2 -0.19 






e large 358.6 0.7 518 92.1 1 0.391 
107.
5 -0.3 







DR large 427.1 0.8 518 80.5 1 0.55 92.5 -0.2 





UR large 393.9 0.74 518 88.1 1 0.47 
100.
3 -0.26 





R large 422.8 5.2 518 112.1 1 0.139 
127.
9 -0.35 







e large 224 0.34 309 117.3 0.65 -10.723 
131.
6 -0.31 




e large 224 0.32 309 125.4 0.65 -12.363 
140.
6 -0.33 
    small 308.5 0.57 309 37 0.65 -0.519 47.4 -0.08 
  
DB
DR large 224 0.34 309 118.3 0.65 -10.946 
132.
9 -0.31 
    small 336.2 0.57 309 34.3 0.65 -0.374 45.1 -0.08 
  
DB
UR large 224 0.32 309 123.9 0.65 -11.991 
138.
6 -0.33 
    small 299.4 0.58 309 30.9 0.65 -0.154 41.3 -0.06 
  
SBU
R large 225 1.74 309 140.2 0.65 -15.253 
154.
9 -0.37 





e large 330.8 0.47 450 49.9 0.48 0.707 60.9 -0.01 






e large 267.3 0.35 450 55.3 0.48 0.437 84.3 -0.13 





DR large 308.2 0.44 450 49.8 0.48 0.629 68.5 -0.04 





UR large 285.8 0.42 450 48.2 0.48 0.595 71.6 -0.07 






R large 282.5 2.16 450 50.4 0.44 0.466 83.7 -0.09 







e large 250.3 0.41 150 56.3 0.28 -4.167 67.5 0.14 






e large 245.2 0.41 150 53.5 0.28 -3.711 64.4 0.13 





DR large 292 0.48 150 79.6 0.28 -9.028 94 0.2 





UR large 110.4 0.22 150 23.9 0.28 -0.36 34.6 -0.06 
    small 170 0.34 150 42.5 0.28 -1.644 48.3 0.07 
  
SBU
R large 119.8 1.44 150 31 0.28 -0.931 41.2 -0.08 





e large 2020.6 3.04 2030 282.4 2.31 0.648 
345.
4 0.74 




e large 1743.8 2.44 2030 193.2 2.31 0.844 
230.
3 0.13 





DR large 2123.7 3.02 2030 269.7 2.31 0.687 
325.
7 0.71 





UR large 1142.4 1.69 2030 241.1 2.31 0.526 401 -0.62 





R large 974.5 7.37 2030 362 2.31 0.268 
498.
2 -1.03 



















e large 510.3 2.52 121 189.2 0.78 -125.296 
206.
1 1.74 














UR large 597.5 2.95 121 235.7 0.78 -194.93 
256.
7 2.17 





R large 428.5 16.03 121 138.1 0.78 -69.518 154 1.27 





e large 246.6 0.29 118 57.5 0.18 -8.784 71.3 0.11 






e large 224.8 0.25 118 39.5 0.18 -3.688 49.4 0.07 
  
small 
        
  
DB
DR large 263.9 0.3 118 63.8 0.18 -11.336 80.1 0.12 





UR large 149 0.2 118 15.8 0.18 0.329 18.7 0.02 
  
small 203.4 0.3 118 60.4 0.18 -8.374 69.8 0.12 
  
SBU
R large 148.4 1.55 118 15.3 0.18 0.28 19.4 0.02 





e large 538 0.91 279 155.1 0.51 -7.745 172 0.4 
large 
 
small 684.5 1.3 279 299.6 0.51 -31.034 
329.
1 0.79 




















UR large 402.4 0.66 279 62.7 0.51 -0.385 68.4 0.15 





UR large 371.1 4.9 279 41.5 0.51 -0.021 58.8 0.07 







e large 576.3 0.94 493 38.4 0.97 0.867 48 -0.03 






e large 538.7 0.89 493 45.3 0.97 0.844 52 -0.07 
  





DR large 584.4 0.96 493 39.3 0.97 0.829 54.4 -0.01 
    small 780.3 1.89 493 278.5 0.97 -4.473 308 0.92 
 
DB
UR large 593.4 0.98 493 35.8 0.97 0.845 51.9 0.01 
  





R large 668.4 4.34 493 78.5 0.97 0.553 88 -0.12 





e large 167.4 0.28 209 61.4 0.45 -1.894 66.1 -0.16 
small 
 




e large 142.5 0.24 209 79.2 0.45 -3.754 84.7 -0.21 
    small 166.2 0.33 209 44.4 0.45 -0.507 47.7 -0.12 
 
DB




small 216.6 0.45 209 14.6 0.45 0.735 20 0.01 
  
DB
UR large 153.9 0.27 209 673 0.45 -2.408 71.7 -0.18 
    small 205.3 0.43 209 11.8 0.45 0.831 16 -0.01 
 
SBU
R large 151.1 1.36 209 81.5 0.57 -4.012 86 -0.3 





e large 108.1 0.35 170 60.6 0.63 -9.197 62.6 -0.28 




e large 167 0.36 170 66.1 0.67 -11.661 68.7 -0.31 
  
small 155.5 0.6 170 13.3 0.63 0.124 18.4 -0.03 
  
DB
DR large 166.5 0.36 170 64.9 0.67 -11.178 67.4 -0.31 
    small 273 0.68 170 18.8 0.67 -2.19 34.5 0 
 
DB
UR large 167.7 0.36 170 66.6 0.67 -11.843 69.2 -0.32 
  
small 276.4 0.68 170 19.5 0.67 -2.343 35.3 0.01 
  
SB
UR large 96.2 1.75 170 79.4 0.63 -16.572 82.1 -0.37 
    small 165.7 1.75 170 13.1 0.63 0.045 19.1 -0.06 
 
Table D-2: Nash-Sutcliffe Values for Edited Precipitation Events 



























gage large 219.8 0.71 290 79.4 1.18 -3.288 83.8 -0.47 
medium   small 361.4 1.34 290 47.4 1.18 0.629 51 0.16 
  
4 
gage large 225.6 0.72 290 78.2 1.18 -3.354 82.6 -0.46 
    small 371.6 1.39 290 54.7 1.18 0.609 60.1 0.2 
  DBDR large 163.1 0.55 290 105.9 1.18 -4.537 110 -0.63 
    small 264.3 1.05 290 23.5 1.18 0.575 30.5 -0.13 
  DBUR large 211.8 0.72 290 78.7 1.18 -3.414 82.9 -0.47 
    small 340.1 1.36 290 50.1 1.18 0.46 57.3 0.18 
  SBUR large 257 0.58 290 87.4 0.97 -4.354 88.4 -0.4 






gage large 179.2 0.38 250 108.9 0.78 -19.992 114 -0.4 
small   small 252.3 0.69 250 28.4 0.78 -0.59 31.4 -0.09 
  
4 
gage large 170.9 0.39 250 106.8 0.78 -18.99 111 -0.39 
    small 246.7 0.7 250 24.1 0.78 -0.173 27 -0.08 
  DBDR large 183.4 0.4 250 104 0.78 -18.178 109 -0.38 
    small 229.5 0.67 250 29.8 0.78 -0.686 32.3 -0.11 
  DBUR large 177.7 0.41 250 101.2 0.78 -17.032 106 -0.37 
    small 235.6 0.72 250 17.7 0.78 0.327 20.4 -0.06 
  SBUR large 196.7 0.4 250 105.9 0.78 -19.646 113 -0.38 




gage large 488.8 1.15 862 190.9 2.09 -0.492 227 -0.94 
medium   small 828.5 2.47 862 122.3 2.09 0.425 141 0.37 
  
4 
gage large 465.5 1.16 862 188.7 2.09 -0.498 228 -0.93 
    small 805.4 2.52 862 127.3 2.09 0.385 146 0.43 
  DBDR large 498.1 1.2 862 180.3 2.09 -0.377 218 -0.89 
    small 698.9 2.21 862 89 2.09 0.659 109 0.11 
  DBUR large 1057.9 2.26 862 64.7 2.09 0.803 82.5 0.16 
    small 1554.7 4.67 862 520.3 2.09 -9.256 596 2.58 
  SBUR large 496.3 0.96 862 228 2.09 -0.912 257 -1.13 




gage large 293.6 0.93 250 22.1 0.86 0.477 27.5 0.07 
small   small 277.8 0.92 250 21.6 0.86 0.547 25.6 0.06 
  
4 
gage large 173.3 0.53 250 67.9 0.86 -2.584 71.9 -0.34 
    small 281.5 0.93 250 23 0.86 0.46 27.9 0.07 
  DBDR large 168.9 0.53 250 68 0.86 -2.623 72.3 -0.34 
    small 252.2 0.87 250 20.1 0.86 0.566 25 0.01 
  DBUR large 178 0.54 250 65.4 0.86 -2.322 69.2 -0.32 
    small 285.8 0.96 250 27.8 0.86 0.247 32.9 0.1 
  SBUR large 196 0.44 250 81.3 0.82 -4.075 86.5 -0.38 




gage large 609.9 1.25 518 82.7 1 0.162 126 0.25 
medium   small 554.6 1.2 518 75.1 1 0.353 111 0.2 
  
4 
gage large 345.8 0.72 518 82.8 1 0.493 98.1 -0.28 
    small 578.3 1.23 518 80.1 1 0.233 121 0.23 
  DBDR large 387.4 0.75 518 84.9 1 0.488 98.7 -0.25 
214 
 
    small 521.7 1.13 518 65 1 0.534 94.1 0.13 
  DBUR large 372.8 0.74 518 82.5 1 0.517 95.8 -0.25 
    small 564.5 1.22 518 78.9 1 0.261 118 0.22 
  SBUR large 426.3 0.71 518 99.7 1 0.317 114 -0.29 




gage large 224 0.34 309 118 0.65 -10.821 132 -0.31 
small   small 314.7 0.57 309 34.5 0.65 -0.308 44 -0.08 
  
4 
gage large 224 0.35 309 111.3 0.65 -9.598 125 -0.29 
    small 322.3 0.57 309 35.9 0.65 -0.426 45.9 -0.08 
  DBDR large 224 0.34 309 115.7 0.65 -10.473 130 -0.31 
    small 298 0.55 309 40.7 0.65 -0.804 51.6 -0.1 
  DBUR large 224 0.37 309 106.7 0.65 -8.854 121 -0.28 
    small 303.4 0.59 309 30.4 0.65 -0.11 40.5 -0.06 
  SBUR large 225 0.32 309 123.5 0.65 -11.943 138 -0.33 




gage large 287.1 0.43 450 53.7 0.48 0.576 73.2 -0.05 
medium   small 469.6 0.75 450 123.8 0.48 -0.688 146 0.27 
  
4 
gage large 278.1 0.41 450 56.6 0.48 0.5 79.5 -0.07 
    small 462.1 0.76 450 129.2 0.48 -0.869 154 0.28 
  DBDR large 266.7 0.39 450 52.9 0.48 0.467 82.1 -0.09 
    small 353.3 0.59 450 85.6 0.48 0.264 96.5 0.11 
  DBUR large 264.6 0.41 450 55.1 0.48 0.488 80.4 -0.07 
    small 377 0.66 450 100.7 0.48 -0.107 118 0.18 
  SBUR large 286.4 0.37 450 53.6 0.44 0.484 82.3 -0.07 




gage large 250.3 0.41 150 56.3 0.28 -4.167 67.5 0.14 
medium   small 419.9 0.71 150 164.9 0.28 -37.542 184 0.43 
  
4 
gage large 232.7 0.42 150 60.1 0.28 -4.74 71.1 0.14 
    small 397.6 0.71 150 165.1 0.28 -37.89 185 0.43 
  DBDR large 262.8 0.44 150 66.7 0.28 -6.194 79.6 0.16 
    small 353.9 0.67 150 149.1 0.28 -32.022 171 0.39 
  DBUR large 108.3 0.22 150 23.7 0.28 -0.412 35.3 -0.06 
    small 170.1 0.34 150 42.4 0.28 -1.572 47.6 0.07 
  SBUR large 125 0.22 150 26.9 0.28 -0.612 37.7 -0.06 




gage large 1841.9 2.77 2030 257.5 2.31 0.72 308 0.47 
215 
 
large   small 2450.9 4.66 2030 790 2.31 -1.649 948 2.35 
  
4 
gage large 1706.4 2.62 2030 247 2.31 0.746 294 0.31 
    small 2536.1 4.91 2030 875.2 2.31 -2.266 1053 2.6 
  DBDR large 1932.6 2.74 2030 227.7 2.31 0.783 271 0.43 
    small 2710.8 4.8 2030 841.9 2.31 -1.912 994 2.49 
  DBUR large 1100.6 1.72 2030 253.9 2.31 0.508 409 -0.59 
    small 1454.1 2.95 2030 411.6 2.31 0.288 491 0.65 
  SBUR large 988.3 1.41 2030 317.9 2.31 0.346 471 -0.9 




gage large 648.1 3.21 121 264.7 0.78 -248.45 290 2.44 
  
small 875.8 4.83 121 438.7 0.78 -657.83 471 4.06 
  
4 
gage large 509.2 2.62 121 200.7 0.78 -140.02 218 1.85 
    small 342.9 0.42 118 119.3 0.18 -37.434 141 0.24 
 
DBDR large 799.1 3.92 121 340.1 0.78 -416.6 375 3.14 
  
small 1053.8 5.52 121 513.1 0.78 -916.26 555 4.75 
  DBUR large 566.1 2.87 121 228 0.78 -181.73 248 2.1 
    small 1125.8 5.84 121 547.5 0.78 -1062.9 598 5.06 
 
SBUR large 443.1 2.31 121 166.7 0.78 -96.641 181 1.54 




gage large 214 0.26 118 42.9 0.18 -4.659 54.3 0.08 
    small 353.1 0.41 118 114.7 0.18 -35.395 138 0.23 
 
4 
gage large 208.6 0.25 118 37.5 0.18 -3.276 47.5 0.07 
  
small 118 0.42 118 119.3 0.18 -37.434 141 0.24 
  DBDR large 236.6 0.28 118 53.2 0.18 -7.905 68.1 0.1 
    small 319.8 0.4 118 109.7 0.18 -32.811 133 0.22 
 
DBUR large 138.8 0.2 118 13.1 0.18 0.576 14.8 0.02 
  
small 210.3 0.3 118 62.2 0.18 -8.96 72 0.12 
  SBUR large 151.9 0.21 118 17.3 0.18 0.091 21.7 0.03 




gage large 473.4 0.8 279 116.6 0.51 -3.847 128 0.29 
large 
 
small 353.1 0.41 118 114.7 0.18 -35.395 138 0.23 
  
4 
gage large 208.6 0.25 118 37.5 0.18 -3.276 47.2 0.07 
    small 687 1.3 279 300.1 0.51 -30.961 329 0.79 
 
DBDR large 401.1 0.78 279 105.6 0.51 -3.06 117 0.27 
  
small 532.7 1.07 279 214.2 0.51 -15.258 235 0.56 
  DBUR large 391.3 0.65 279 59.4 0.51 -0.213 64.1 0.14 
216 
 
    small 512.7 0.98 279 178 0.51 -10.418 197 0.46 
 
SBUR large 376.8 0.61 279 46.8 0.51 -0.156 62.5 0.1 




gage large 557.9 0.99 493 27.6 0.97 0.913 38.8 0.02 
large   small 905.7 1.92 493 290.1 0.97 -4.93 321 0.95 
 
4 
gage large 513.1 0.97 493 24.8 0.97 0.942 31.7 0 
  
small 864.6 1.95 493 298.4 0.97 -5.227 329 0.98 
  DBDR large 584.4 0.96 493 39.3 0.97 0.829 54.4 -0.01 
    small 739.8 1.61 493 195.6 0.97 -1.7 216 0.64 
 
DBUR large 551 0.98 493 25.3 0.97 0.933 34.1 0.01 
  
small 800.9 1.83 493 261.4 0.97 -3.867 290 0.86 
  SBUR large 671.2 0.95 493 48.5 0.97 0.749 65.9 -0.02 




gage large 145.9 0.26 209 70.6 0.45 -2.735 75.1 -0.19 
small 
 
small 238.6 0.44 209 15.6 0.45 0.714 20.8 0 
  
4 
gage large 134.8 0.24 209 76.5 0.45 -3.389 81.4 -0.2 
    small 224.4 0.43 209 14 0.45 0.775 18.4 -0.01 
 
DBDR large 153.3 0.28 209 64 0.45 -2.1 68.4 -0.17 
  
small 201.3 0.41 209 14.9 0.45 0.727 20.3 -0.04 
  DBUR large 146.9 0.27 209 65.6 0.45 -2.221 69.7 -0.17 
    small 211.2 0.43 209 11.5 0.45 0.831 16 -0.01 
 
SBUR large 156.4 0.31 209 71.4 0.57 -2.859 75.3 -0.26 




gage large 99.1 0.35 170 60.1 0.63 -9.144 62.5 -0.28 
small   small 169.3 0.61 170 10.3 0.63 0.468 14.3 -0.02 
 
4 
gage large 172.3 0.4 170 57.9 0.67 -8.819 60.5 -0.27 
  
small 162.8 0.61 170 11.6 0.63 0.328 16.1 -0.02 
  DBDR large 156.7 0.36 170 65.3 0.67 -11.411 68 -0.31 
    small 250.8 0.64 170 18 0.67 -1.577 31 -0.03 
 
DBUR large 168.1 0.39 170 59 0.67 -9.17 61.5 -0.28 
  
small 281.3 0.68 170 19.1 0.67 -2.426 35.7 0.01 
  SBUR large 103.9 0.3 170 71.6 0.63 -13.348 74.2 -0.33 
    small 173.5 0.6 170 11.5 0.63 0.474 14.2 -0.03 
 
